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Abstract 
Stroke is a major cause of disability in worldwide and also one of the causes of death after coronary heart disease. Many devices 
had been designed for hand motor function rehabilitation that a stroke survivor can use for bilateral movement practice. This 
paper presents  an  arm  motor  function  rehabilitation  device  where  it  is  designed  to  predict  the position angle for the 
robotic arm. MATLAB software is used for real-time positioning that can be developed by SIMULINK block diagram and proof 
by the simulator in program code in order for devising to operate under the position demand. All the angular motions or feedback 
to the simulation mode from the attached optical encoders via the Data Acquisition Card (DAQ).  The  learning  algorithm  can  
directly  determine  the  position  of  its  joint  and  can therefore completely eliminate the need for any system modelling. The 
robotic arm shows a successful implementation of the learning algorithm in predicting the behavior for arm exoskeleton. 
 
© 2014 The Authors. Published by Elsevier B.V. 
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1. Introduction 
The stroke could cause a deficiency in various neurological areas and mainly it causes disability in the motor system 
[1]. A general state in most of the stroke survivor is paralysis of one side of the body. Motor rehabilitation research 
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has shown that to speed up the recovery process of the upper limb function, activity dependent interventions can be 
used to assist the use of paralyzed limb [2]. To understand and to repair the hand motor function after a person 
undergoes stroke has been the major focus of rehabilitation research as human hand play a vital role in the daily life 
activities. The major concern is how to achieve the optimum restoration of hand function. While positive outcomes 
have been obtained from therapies in general, (e.g. The stroke patients who have undergone harsh, moderate or mild 
motor deteriorations) an optional therapy known as bilateral movement training has demonstrated positive results. In 
addition, based on neurophysiological and behavioral mechanism an immense assurance in hastening upper limb 
chronic stroke recovery has been shown by bilateral movement practice [3]. 
In comparison, to unilateral training patients obtaining bilateral training indicated better improvement of the 
upper extremity functions and decrease in movement time of the damaged limb [4]. The major aim of the paper is to 
develop a post stroke remedial system that can assist the stroke patient to flex/ extend their arms. By performing 
bilateral movement training, the arm motor function of the impaired limb of the stroke survivor can be enhanced due 
to plasticity of the human brain. 
Fully actuated robot manipulators are required to have the same number of joints and actuators. Their advantages 
of over fully actuated robots led to many studies to predict their behavior. Advantages of a light weight, low power 
consumption, low cost automation and thus can easily overcome failure due to unexpected accident. Mahindrakar et 
al. [5] Has proposed dynamic model takes into account the frictional forces acting on the joints. The results obtained 
were also verified through numerical simulation. Yet, solutions projected still lack generality and systematization. 
Artificial Intelligence (AI) was introduced as an alternative solution for many complex and ill define problems. AI 
implemented in Robots for predicting and making robot systems able to attribute more intelligence with a higher 
degree of autonomy. Researchers have recommended Artificial Neural Network (ANN) from its arbitrary for 
learning from examples and predict from a large number of data [6]. The ANN will learn the target parameters based 
on weight adoption via reducing the error between the target and the calculated output throughout an iteration during 
the training process. This scheme does not require any prior knowledge of the dynamic model [7]. A real, fabricated 
model must be exited with knowledge on how to operate it for the success of this scheme. 
Many Neural Networks have been developed for various applications. Nowadays, Neural Networks is one of the 
successful technique than can be applied to fault detection [8], automatic control [9], combinatorial optimization 
[10], information prediction [11], and other fields [12]. For fault diagnosis area, Wu Hongbing et al. [13] encoded 
the weights of a neural network as the antibody and the network error which is considered as the antigen. 
Shinji Yoshii [14] has proposed a low cost dental diagnostic system that can carry out real-time observation of 
the interior of the narrow root canals of the teeth. It is quite similar to this research which is reducing the arm 
function for three degrees of freedoms (DOF) with two active links and one passive link. 
2. Current research on hand function rehabilitation  
The research conducted in [15] had developed the design of a grip mechanism assistant device that can be 
employed in finger rehabilitation. The actuating system of the device enables the patient to control the movement by 
using the self-motion control concept [16]. While in order research, a hand exoskeleton device has been developed 
for people who have partially lost the ability to control correctly the hand musculature. In [17] has proposed a 
design, control and optimization of a robot-assisted therapy, which requires three elements:  robot hardware, 
computer system and algorithm. However, it remains one of the main difficulties in the design of control system 
which needs to realize predefined complex movements. Therefore, researcher implement  a  new  design  of  robot  
assisted  therapy  actuated  by  a  safe  control  strategy  that proposed for human machine interface to help the 
therapist to design the control law and to motivate the patient during the rehabilitation assessment. 
Al-Assadi et al. [18] has predicted the learning algorithm for passive joint positioning for 3R under-actuated 
robot. The data collected by sensors fixed on each joint. The robotic arm consists of an actuator is considered as arm 
for human and unactuator or finger free from rotating as a finger. The result is provided to developed ANN model 
and the learning algorithm can directly determine the position of its passive joint and can therefore completely 
eliminate the need for any system modelling. 
Robot device can document the forces and kinematics of passive arm movements. Culmer et al. [19] 
demonstrated that the device can provide critical information about the movement prescribed by a therapist to adult 
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patients following a stroke. Researchers have explored how the shoulder and elbow angles are coordinated in 
painting and reach-to-grasp tasks [20] and tasks requiring pronation and supination of the forearm towards and away 
from the body [21].  The result obtained  that  the  sensor  data  recorded  by  the  system  were  defined  relative  to  
the  robot’s Cartesian coordinate system to provide the position of each thesis. 
In [13] also said that the biology has a kind of immune system called the adaptive immune system, which uses 
two types of limphocytes: T cells and B cells but T cells are ignored and only B cells which can secrete antibodies 
are involved. Nevertheless, in this paper is focusing to two types of movements: Two (2) Active links and One (1) 
Passive link. 
On the other hand, implementation of program module to induce behaviour of robot arm was introduced [22-25]. 
They use tri-axial tactile information acquired by the two-hand-arm robot to measure an object with direct touch and 
it obtain the real scale of geometrical data. However, in this research the measuring consists of angle of arm between 
0 degrees to 45 degrees. The angle is reading by rotary digital encoder which is attached to it. 
3. Parameter Set-up 
A three link rotational (3R) under-actuated horizontal robot is fabricated. The robot consists of base, three links, 
two actuated joints, one passive joint and three rotary digital encoder. The base is carrying the robot arm. The robot 
arm was made of aluminium square beam section. The length of each link are L1 = 15 cm, L2 = 15 cm and L3 = 10 
cm respectively, seen in Figure 1 below. 
 
 
 
 
 
 
 
 
 
Figure 1: The robot system used 
 
A DC motor used as actuators power the first and second links via gear boxes. First gear with reduction ratio of 
100:1 while the second with 70:1. Third joint is passive, bearing joint with encoder only. All joint equipped with 
rotary digital encoder to measure the position angle displacement. The motor torqueses were calculated from 
voltage-torque relationship graphs provided with each motors by the supplier. Figure 2 below shows the schematic 
diagram of robot used and details of joining consists of Joint 1, Joint 2 and Joint 3. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Schematic diagram of Robot used 
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Figure 3 shows a square wave excitation signal was applied to the actuator which is Joint 1 and Joint 2 
respectively. As a standard signal generated by SIMULINK/ MATLAB, the square wave excitation signal was 
chosen for covers the whole working cell rather than being a specified signal to perform a predefined trajectory. 
 
 
 
 
 
 
 
 
 
 
Figure 3: The square wave excitation signal applied 
4. SIMULINK/ MATLAB for Whole System  
The whole system for this experiment consists of three links and under-actuated robot. Joint 1 and Joint 2 are 
active and Joint 3 is passive which is free from actuator. Based on the Figure 4 below, it shows that Joint 1 and Joint 
2 have controller. Both of the joint must achieved the condition likes move at the certain value and stop; starting 0 
degree to 45 degrees with 5 degrees interval. However, Joint 3 just reads how far it can move. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
      
       Figure 4: SIMULINK Block Diagram for Joint 1, 2 and 3 
5. Learning Algorithm  
In the last few years much of the research interest shown in the control of nonlinear system has focused on 
methods where classical methodologies valid for linear systems do not give satisfactory performances [10, 11]. 
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Among of which, Artificial Neural Network (ANN) technique has gained a great deal of interest for their extreme 
flexibility due to its learning ability and the capability of non-linear function approximation.  
 
On learning concept for target parameter, the developed ANN model shows in Figure 3 established as prediction 
algorithm iteration process is weight adoption that minimizing the tracking error. Training process is achieved via 
the weight adoption. The back propagation training technique had been used to achieve the training process. 
     The fundamental basic design of the network is the input layer is mapped the information entering as an internal 
representation in the units of the hidden layer. At the same time, the unit of hidden layer and the outputs are 
generated by this internal representation rather than by input vector. Know that, input vector can also be encoded in 
a form there are also have enough neurons, so that the appropriate output vector can be generated commencing any 
input vector. 
 
 
 
 
 
 
 
 
 
 
 
 
 
               Figure 5: The developed ANN Model 
 
Based on Figure 5 above, the outputs of the units in input layer are multiplied by appropriate weights Wij and 
these are fed as inputs to hidden layer. Hence, if Oi are the output of units in input layer, then the total input to the 
hidden layer is 
 
              ݏݑ݉ሺ௛௜ௗௗ௘௡௟௔௬௘௥ሻ ൌ σ ௜ܱ௜  ௜ܹ௝      (1) 
Also, the output Oj of a unit in hidden layer is 
   
   ௝ܱ ൌ ݂ሺݏݑ݉௛௜ௗௗ௘௡௟௔௬௘௥ሻ        (2) 
where f is a non-linear activation function, it is a common practice to choose the sigmoid function given by 
 
 ݂൫ ௝ܱ൯ ൌ  ଵଵା௘షೀೕ         (3) 
as a non-linear activation function. 
 
Nevertheless, the sigmoid function can be placed by any input-output function that processes a bounded 
derivative. 
 
If there has to be permanent, input-output pairs of predetermined set, the total error in the performance of the 
network with a particular set of weight can be computer by comparing the desired output vectors for every 
presentation of an input vector and the actual. The error of the output eK in the output layer calculated by  
 
                                   ݁௄ ൌ ݀௄ െ ܱ௄         (4) 
 where dK is the desired output for that unit in output layer and OK the actual output produced by the network. The 
total error (E) at the output can be calculated by 
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                                    ܧ ൌ  ଵଶσ ሺ݀௄ െ௄ ܱ௄ሻଶ       (5) 
 The total error (E) at the can be calculated by minimized the error function (E) by the gradient descent method by 
learning comprises changing weights. It is indispensable to compute the partial derivative of (E) using respect to 
every weight in the network. Equations (1) and (2) describe the forward pass through the network where units in 
each layer have their states determined by the inputs they received from units of lower layer. 
 The backward pass through the network that involves “back-propagation” of weight error derivatives from the 
output layer back to the input layer is more complicated. For the sigmoid activation function given in equation (3), 
the so-called delta rule for iterative convergence towards a solution, stated in general is given as  
 
   ο ௃ܹ௄ ൌ ߤߜ௄ ௃ܱ        (6) 
 where ߤ is the learning rate parameter, and the error ߜK at an output layer unit K is given by 
 
           ߜ௄ ൌ ܱ௄ሺͳ െ ܱ௄ሻሺ݀௄ െܱ௄ሻ      (7) 
 Also, the error ߜJ at a hidden layer unit is given by 
 
    ߜ௃ ൌ  ௃ܱሺͳ െ ௃ܱሻσ ߜ௄௄ ௃ܹ௄      (8) 
 Using the generalized data delta rule to adjust weights leading to the hidden units is back propagating the error 
adjustment, which allows for adjustment of weights leading to the hidden layer neurons in addition to the usual 
adjustments to the weights leading to the output layer neurons. 
 A back propagation network trains with a two-step procedure, the activity from the input pattern flows forward 
through the network, and the error signal flows backwards to adjust the weights using the following equations 
 
            ூܹ௃ ൌ  ூܹ௃ ൅ ߤߜ௃ ூܱ       (9) 
            ௃ܹ௄ ൌ  ௃ܹ௄ ൅ ߤߜ௄ ௃ܱ       (10) 
Until  for  each  input  vector  the  output  vector  produced  by the  network  is  the  same  as  (or sufficiently close 
to) the desired output vector [26-27]. The number of hidden neurons and the learning factor are determined by trial 
and error [28].  Fig.  6 below graphically shows an algorithm for learning prediction. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Design steps of network 
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6. Results and Discussion  
The SIMULINK block diagram has been created for controlling the movement of the joint for Active 1 and Active 2 
and it achieved the target value which is possible to move until target value starting by 0 degree to 45 degrees with 5 
degrees intervals. In this section, it will show the result achieved during experiment between position angle for 
Active 1, Active 2 and Passive as shown in graph below.          
       By referring to Figure 7 below, the results indicate that the system is under control starting by an identification 
of the operating system of the computer, and then the initialization of Personal Computer (PC) control boards and 
finally safety checked to the three links run within a safe range. After doing these preliminary tasks, the main part of 
the real-time algorithm starts. The measurement information about the link positions is read into the rotary digital 
encoder. 
       Most of position angle of passive followed the position angle for Active 1 and Active 2. The block diagram is 
choose to make sure the movement is running accurately, each position of passive followed the acting joint which 
has motor attach to them. In this case, modifications for values of rotary digital encoder in SIMULINK block 
diagram are considered achieve.  
       A learning algorithm had been deployed for the prediction of under-actuated systems behaviour. The plant 
under consideration is 3R under-actuated robot manipulator with two actuated (with actuator) and passive (without 
actuator) joints. The utilization of the prediction technique was on learning based of ANN method. Therefore, data 
were collected from rotary digital encoder fixed on each joint and from real-time experiment for robot provided for 
the ANN for learning and prediction aim. Thus, the developed technique is able to avoid any uncertainties occurred 
during experiment. The proposed method could be generalized for several under-actuated systems by using the 
learning concept. Graph on Figure 8 below shows that the position during real-time experiment and program code 
under the MATLAB software, fulfil the objectives which are rotating the robotic arm for Joint 1 and Joint 2 are quite 
similar to Joint 3. Besides that, the results obtained show that the design network is capable of learning and 
predicting the position of the passive joint successfully. 
 
 
 
 
 
 
 
 
 
 
 
     
   Figure 7: Corresponding trajectory of the active and passive joints        Figure 8: Predicted trajectory tracking of passive joint 
7. Conclusion  
Development of arm motor function rehabilitation device based on experiment has been presented in this paper. 
The device was able to achieve full flexion/ extension motion of two arms considered as Active 1 and Active 2 and 
hand consists of finger and thumb as a Passive. For the prototype construction of the arm mount of the exoskeleton, 
Aluminium was chosen due to its lightweight. In order to achieve better accuracy, feedback control needs to be 
developed by learning algorithm for the prediction of under-actuated systems behavior. Data were collected from 
sensors fixed on each joint and from real time operation for robot provided for the ANN for learning and prediction 
aim. Although the device can perform the extension and flexion movement, it cannot perform abduction movement 
as a consequence of  more work needs to be done on the device in order to achieve 3 Degrees of Freedom (DOFs) of 
the arm with one unactuated joint. Testing of the device on actual stroke survivors and further discussions with the 
therapist for suggestion is necessary for future modification. 
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